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Physiologically-Based Pharmacokinetic Modeling
of Benzene in Humans: A Bayesian Approach
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Benzene is myelotoxic and leukemogenic in humans exposed at high doses (>1 ppm, more
definitely above 10 ppm) for extended periods. However, leukemia risks at lower exposures
are uncertain. Benzene occurs widely in the work environment and also indoor air, but mostly
below 1 ppm, so assessing the leukemia risks at these low concentrations is important. Here,
we describe a human physiologically-based pharmacokinetic (PBPK) model that quantifies
tissue doses of benzene and its key metabolites, benzene oxide, phenol, and hydroquinone
after inhalation and oral exposures. The model was integrated into a statistical framework
that acknowledges sources of variation due to inherent intra- and interindividual variation,
measurement error, and other data collection issues. A primary contribution of this work is the
estimation of population distributions of key PBPK model parameters. We hypothesized that
observed interindividual variability in the dosimetry of benzene and its metabolites resulted
primarily from known or estimated variability in key metabolic parameters and that a statistical
PBPK model that explicitly included variability in only those metabolic parameters would
sufficiently describe the observed variability. We then identified parameter distributions for
the PBPK model to characterize observed variability through the use of Markov chain Monte
Carlo analysis applied to two data sets. The identified parameter distributions described most
of the observed variability, but variability in physiological parameters such as organ weights
may also be helpful to faithfully predict the observed human-population variability in benzene
dosimetry.
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1. INTRODUCTION

Benzene, a toxic industrial solvent, is a compo-
nent of cigarette smoke and gasoline’? and is also
widely used in the production of many products. High-
level exposure to benzene causes many health prob-
lems ranging from dizziness and headaches to ane-
mia and leukemia.® A recent analysis of a prospec-
tive cohort study from the Australian petroleum in-
dustry showed an increased risk of leukemia. For
the highest exposure group (>16 ppm-years) expo-
sure intensity was strongly correlated with leukemia
risk, with the increase starting around 0.8-1.6 ppm.*)
These toxic effects likely result from metabolites of
benzene formed internally.®:> Therefore, studying
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the mechanisms of benzene uptake, metabolism, and
elimination through the body can assist in the assess-
ment of acceptable levels of exposure.

Physiologically-based pharmacokinetic (PBPK)
models are standard tools that are now often used in
risk assessment to better extrapolate from experimen-
tal animals to humans and from high to low exposures;
e.g., Haddad et al.,(® Cahill et al.,”) and Cole et al.®)
developed a PBPK model that predicts tissue concen-
trations of benzene and its key metabolites in mice
using metabolic parameters obtained in vitro. The
PBPK model’s tissue compartments include the liver,
richly perfused and poorly perfused tissues, and adi-
pose tissue. Two additional compartments, the stom-
ach and the alveolar gas-exchange region, were also
included to describe oral and inhalation exposures,
respectively. This model was later extended to take
into account the zonal distribution of enzymes and
metabolism in the liver, rather than treating the liver
as one homogeneous compartment.(>19 Most PBPK
models have used single-valued parameters and hence
are deterministic, though parameter distributions are
increasingly being used to explicitly account for vari-
ability and uncertainty.

When PBPK models are extended to humans, ac-
counting for the multiple sources of variability that
affect dosimetry in humans is especially important.
This hierarchy of variances includes population-wide
variability, variability among different studies, dif-
ferences between individuals within each study, and
uncertainty in measurements taken from each individ-
ual. To properly account for the variability and uncer-
tainty at any of these levels, PBPK models should be
integrated into a statistical framework that acknowl-
edges these sources of variation.

In classical pharmacokinetic analysis of data from
drug trials, models with relatively simple structures
and few empirical parameters are fit to data from a rel-
atively large number of subjects, allowing for robust
estimation of the distributions of those parameters.
The fact that a volume of distribution, for example,
would be estimated by fitting the model to the ob-
served pharmacokinetic datais not considered a prob-
lem because the study population is assumed to be
large and diverse enough to represent the ultimate
target population for which predictions are desired.
PBPK models have become popular in toxicology,
however, because human dosimetry data are rare for
environmental pollutants without therapeutic value.
PBPK models overcome this data limitation because
they make use of measured values for tissue compart-
ments and blood flows (physiological parameters),
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which again are presumed to represent the larger pop-
ulation.

When a PBPK model fails to adequately fit phar-
macokinetic data, however, one may consider varying
the physiological parameters to fit the data, but up-
dating population physiological parameters based on
observations from a small sample could well result
in posterior distributions not truly representative of
the population as a whole. Tissue volumes and par-
tition coefficients, for example, affect model predic-
tions, and allowing them to vary can result in better
model predictions than keeping them fixed, just as
fitting the volume of distribution in classical pharma-
cokinetic models provides the flexibility to fit most
data. One may question whether this flexibility re-
sults in a model that is more predictive of the pop-
ulation as a whole or whether it masks other errors
in model specification. Because of these concerns and
questions, analyses were performed keeping physio-
logical parameters fixed while updating distributions
for metabolic parameters, since prior information for
metabolic parameters is much weaker and metabolic
parameters are known to vary considerably among
individuals.

In the current study, the Monte Carlo simulation
program MCSim™) was used to fit a PBPK model
of benzene to sets of human data by performing a
series of simulations along a Markov chain in the
model parameter space. We hypothesized that the ob-
served interindividual variability resulted primarily
from known or estimated variability in key metabolic
parameters and that a statistical PBPK model that ex-
plicitly included variability in only those metabolic pa-
rameters would be sufficient to describe all observed
variability. Our objective was to test this hypothesis
and ultimately identify parameter distributions for the
PBPK model that would characterize the variability
in the dosimetry of benzene and its key metabolites
in humans.

2. METHODS
2.1. PBPK Model

The PBPK model used in this study is based on
a previously developed PBPK model for benzene
metabolism in mice.(>!?) Symbols and abbreviations
used in the model are listed in Appendix 1. The sys-
tem of ordinary differential equations derived from
flow-limited assumption for tissue uptake is given in
Appendix 2. To modify this model for risk assessment
in humans, several parameters have to be adjusted.
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Table I. Fixed Parameters Used in the PBPK Model(10)
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Table II. Partition Coefficients Used in the PBPK Model1?)

Parameter Value Unit Source Parameter Value Source

oL 0.2370Qcsq  L/hour  Davies and Morris(!®) PEZ.. 7.80 Brown et al.(7)
Or 0.0425Q cara L/hour Davies and Morris(?) PEZ R PEO 54.50 Brown et al.37)
Ok 0.2027Q ara L/hour Davies and Morris(?) pBz, pBo 2.95 Brown et al.(?)
Qs 0.1717Q cura L/hour Davies and Morris(3) P8z pBo 2.05 Brown et al.3?)
Or 0.3461Q¢cuq  L/hour Davies and Morris(?) pBz pBo pBz pBo 1.92 Brown et al.3?)
Vi 0.025BW L Brown et al.(1%) pbH 27.63 Leung et al.?)
VE 0.1429BW L Davies and Morris(?) prH 217 Leung et al.?)
Vi 0.004BW L Davies and Morris(® pg’H 1.22 Leung et al. @)
Vs 0.734BW L Brown et al.(1®) pLH . prH 217 Leung et al.*?)

16

;R 8832§9v£w t grO\fvn o Zill(\/l ) . (13) P;]Q 4.06 Leung et al.*?)

Bl . avies and Morris 0 (“42)
cer 14.5 mg/g Csanady et al.(!¥ PilQ 104 Leung et al.

P 4) Pg’ 0.94 Leung et al.*?)
C 58 mg/g Csanady et al. pliQ pio 1.04 Leung et al. 4
Kf:ﬁ 1.4 uM Seaton et al.(19) R_o_K
KZZ 220 uM Seaton et al.(19)

HQ (19)

Ky 746 M Seat tal. ; .

Bz 00397 llL/uM LZE:I;?IZZZI @ from Csanady et al. ' A number of metabolic rate
APH 1:30 % 10-2 1M Lovern ef al:(‘“) constants were assumed to be relatively invariant
AHO 10-7 UpM Lovern ef al. ) among species; hence, the remaining parameters in
Ky 420 x 10-2 Liumol  Lovern et al. 4D the PBPK model are unchanged from their values in
ko 32.16 1/hour Lovern et al.4) Cole et al.*1

ks 400x 102 Liumol  Lovern et al®) The PBPK model also has equations describing
ke 213 x 10-3 L/iumol  Lovern et al.4D the cumulative amount of exhaled benzene. To com-
k7 2.03 x 1074 L/umol  Lovern et al.D pare the model to data of the concentration of exhaled
ks 374.9598 1/hour Cole et al.(10 benzene, the following expression was used to com-
ko 0.1163 1/hour Cole et al.19) pute the model value for concentration of benzene in
k1o 0.1443 1/hour Cole et al.(10) exhaled air:

In particular, body weight (BW) was set at 70 kg for
all individuals with the exception of the three individ-
uals whose weights were recorded (Pekari et al.(1;
with personal correspondence). All fixed parameters
used in the modified PBPK model can be found in
Tables I and II. All blood flow rates and organ vol-
umes were changed based on reference values for a
70-kg man. Physiological values from Davies and
Morris!® were calculated based on a reference
weight of 70 kg and adjusted to satisfy the model
requirement: Qcuq = Or + Os + Or + O + Ok.
Partition coefficients (P3f,,,, P/, and PP for com-
partments j = fat, liver, slowly perfused tissue, rapidly
perfused tissue, and kidney) were also changed to
adapt the model from mice to humans. The values for
the concentration of microsomal protein per gram of
tissue in the liver, CM?, and the concentration of cy-
tosolic protein per gram of tissue in the liver, C¢7,
were changed from the original model and taken

ng == fan)- sz + falv[QCard
A(CVPZ — CAP?) + Qapy - CF7]/ Qavy. (1)

The notation from the original model is preserved in
Equation (1) with the only new value being f,;,, which
is the fraction of each inhaled breath that perfuses
the alveolar space. This equation is essentially identi-
cal to a correction used by Jonsson and Johanson®)
and is derived by assuming: air leaving the alveolar
region satisfies the usual venous-equilibration model;
air leaving the alveolar space mixes with air that was
inhaled but only entered the physiological dead space
(DS) in the conducting airways; the DS air does not
exchange with blood at all and hence stays at the in-
haled concentration; the measured exhaled concen-
tration is the result of this mixture. Thus, the exhaled
concentration equals f,;, times the concentration ex-
iting the alveolar region plus (1 — f,;,) times the DS
concentration that equals the inhaled concentration.
The value for f,;, was set to be 0.67.09 Addition-
ally, the PBPK model has cumulative equations for
urinary metabolites, and hence the model prediction
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of the amount of urinary metabolite was divided by a
standard value of urinary excretion as converted from
20mlL/kg/day to compute the predicted concentration
over time.(!7)

2.2. Statistical Analysis

To illustrate the statistical considerations, sup-
pose that a multivariate PBPK model for benzene is
specified by the n-dimensional system of differential
equations:

dx

= 1 x ).
The solution to this system of equations denoted by
g(t, g, xo) is a function of parameters ¢ (including
inhalation exposure conditions), time ¢, and initial
condition xy. Now, consider the case of in vivo data
collected on each of m subjects exposed to benzene.
Each of these subjects is assumed to follow the basic
model (2), but with potentially different parameters
and initial conditions, reflecting variation in pharma-
cokinetic parameters across the population. Although
analysis of individual subject data provides insight
into underlying biology, it fails to address the broader
issue of how these parameters vary across individuals.
Comprehensive application of PBPK models to these
data requires that both levels of inquiry, individual
and population, be addressed, not only to elucidate
individual-specific parameter values but also to char-
acterize the extent and nature of their variation across
population.

Formally, for the ith individual, with intermittent
observations available at time #;, t;2, ..., ti, let Y;; =
(Yi1j, Yizjo- .., Yimj)" be the (m x 1) vector of obser-
vations on subject i at time t;; for example, Y;; may
include measurements of benzene in blood and ex-
pired air. Thus, data collected on individual i are the
vectors Y, j=1,2,...,n;, ideally assumed to be ob-
servations on the system (2). However, as mentioned
earlier, the measurements of Yj; are subject to several
sources of variation. To specify this explicitly, we may
specify the individual statistical model

i=12....n, (3

x(t = 0) = xp. 2)

Yy = g(tij, qi» xoi) + &ijs
where ¢;; is a random vector representing deviation
of observed data from the dynamic model due to the
combined effects of these sources at time ¢;;, and g; and
Xo; are the parameters and initial conditions specific to
individual i. Notice that the quantity of interest here
is the distribution of parameters g;.

The modified PBPK model was coded into
Frédéric Bois’ and Don Maszle’s Monte Carlo sim-

Yokley et al.

ulation program, MCSim (version 5.0.0), which uses
Metropolis-Hasting sampling for its MCMC simula-
tions.!'") MCMC simulations were run on the model
to find distributions of specific metabolic parameters
that had been held constant in the previous PBPK
modeling studies.®-®) The model parameters inves-
tigated included Vg1, the CYP2El-specific activ-
ity as determined by the oxidation of p-nitrophenol
to p-nitrocatechol; Vpy; and Vpgr, the maximum
rates of metabolism of phenol by two sulphate trans-
ferases; and Vo, the maximum rate of conjugation
for hydroquinone (primarily glucuronidation). The
two first-order rates of metabolism of benzene ox-
ide into phenylmercapturic acid (PMA) and muconic
acid (MA), ks and k4, respectively, were expected
to vary within the population and hence were also
updated according to the model and data through
MCMC within the MCSim program. The result of
Markov chain Monte Carlo (MCMC) fitting of the
model to data produces samples from the Bayesian
posterior distribution of the nine investigated model
parameters.

The prior distributions for Vg1, Vpyi, Vem,
and Vo were determined by analyzing previous in
vitro data obtained from human liver samples.(!®) The
initial rates of phenol sulfation and rates of hydro-
quinone glucuronidation from the in vitro study were
each multiplied by factors given by the mathematical
model used in Seaton et al.1”) The factors were 0.18
for Vpg1,2.4for Vpgs,and 11.1 for Vigg. The CYP2E1
activity measurements were not multiplied by a factor.
The distributions for these four parameters were as-
sumed to be log-normal, and the means and standard
deviations for the priors were set according to val-
ues computed from the data in Seaton et al.(!®) Since
little information was available on the other investi-
gated parameters, the remaining priors were based on
previous constant values. The prior distributions for
k3 and k4 were also assumed to be log-normally dis-
tributed, and the (log-adjusted) means of these priors
were computed from the fixed values from the origi-
nal mouse model.®19 The standard deviations for k3
and k4 were set at 0.1 and 2 and then converted to
log-space for implementation in the Distrib specifi-
cation in MCSim. The MCSim program was used to
find the distributional components for each of these
model parameters, and the specific prior distributions
used in the simulations are contained in Table I11.

Data taken from previous studies of human ben-
zene exposure were incorporated into the MCSim
program, and extra specifications were used in the
case of multiple data sets for the same individual to
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Parameter Prior Distribution Posterior Distribution
) ) k3 Log-normal, u = 0.70, 0 = 0.10 Log-normal, p = 0.60, 0 = 0.10
.Tal.jle I_H' Prior and Posterior ky4 Log-normal, © =15.0,0 = 2.0 Log-normal, u =12.1,0 = 1.69
Distributions for the PBPK Model Vart Log-normal, u = 0.0782, ¢ = 0.0511 Log-normal, u = 0.012, ¢ = 0.013
i‘;pl\‘:ll:ﬁ(‘;nv ?ﬁiﬁﬁéiﬁﬁfﬁﬁfﬁﬁi Vpmi Log-normal, 1 = 0.0302, & = 0.0118 Log-normal, s = 0.038, o = 0.032
Vpua Log-normal, u = 0.4029, o = 0.1577 Log-normal, u = 0.48, 0 = 0.38
VHo Log-normal, u = 0.7484, 0 = 0.3207 Log-normal, u = 1.05,0 = 1.05

find interindividual variability as opposed to intra-
individual variability. In one study, blood and ex-
haled air samples were collected from three healthy
nonsmokers who were each exposed to 4-hour peri-
ods of both 10 cm®/m? and 1.7 cm®/m?® benzene.(!?)
Thirty-five occupationally exposed individuals pro-
vided urine samples during their work shifts for
metabolite data in a second study.?>?") Even though
the time length of their shifts and urine collection
times varied, the exposure time for these workers was
taken to be 6 hours in the model. The MCMC simu-
lation was run for 20,000 iterations, and the results
were recorded every 10th iteration. The results were
analyzed from iteration 15,010 through 20,000 to as-
certain the distributions of the model parameters.

2.3. Sensitivity Analysis

After the posterior distributions were deter-
mined, the model was examined for sensitivity. The
means of each posterior distribution were used for
the investigated parameters to produce solutions from
the model. To ascertain the sensitivity of the model
to each parameter, one parameter was varied while
all the other investigated parameters were kept at
the mean values from their posterior distributions.
For each investigated parameter, three solutions were
produced, respectively, using the parameter mean de-
creased by 1%, the mean of the currently analyzed
parameter, and the mean of the parameter increased
by 1%. The solutions were computed for a time period
of 0 to 10 hours so that the length of that time range
could be searched for the greatest value of sensitiv-
ity. Although sensitivity coefficients are often com-
puted by choosing a time point and then evaluating
the sensitivity there, finding a maximum difference in
solutions over a range of time gives a more thorough
estimate of the maximum sensitivity of each parame-
ter.??) After the magnitude of the maximum distance
(i.e., the absolute value of the maximum difference)
between the mean solution and the solution above or

below the mean curve was computed, it was used in
the following formula to evaluate sensitivity:

APrediction/Prediction
AParameter/Parameter’

Sensitivity =

In the above formula, Aprediction indicates the max-
imum distance between the predicted solution using
the mean parameter value and the predicted solution
using the mean value increased or decreased by 1%,
and prediction indicates the predicted solution using
the mean parameter value at the time when that max-
imum difference occurs. The mean was chosen as the
basis for comparison in the sensitivity analysis simply
because it is a measure of central tendency and was
not chosen in particular because of any statistical rea-
soning. The values in the denominator of the above
ratio are based on the varying investigated parameter
and are defined similar to the predicted solutions. The
only state variables of the model examined for sensi-
tivity were those compared to data in this study in
addition to the product of phenol and hydroquinone
blood concentrations.

2.4. Covariance Analysis

Covariance matrices were computed from the
MCSim output in order to ascertain whether any in-
vestigated parameters were correlated. Output values
from 15,010 through 20,000 for the population mean
of each investigated parameter (not corrected from
the log-space MCSim output) were used to compute
one covariance matrix, and covariance matrices were
computed for the values produced (again, iteration
15,010 through 20,000) for each of the three individ-
uals from Pekari et al.(!?

3. RESULTS

Originally, the MCSim program was run five
times with five different seeds for its random number
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generator. The distributions resulting from these five
runs were analyzed, and the output for the model pa-
rameters V pg1 and V pg did not have any well-fitting
parametric distributions. The output for V,g; varied
greatly among the five runs; specifically, three of the
runs yielded much higher V,g; output distributions
than the other two. Additionally, even when simula-
tions were run using selective subsets of the output
distributions (i.e., fitting distributions to only two or
three chosen outputs of the five based on the magni-
tude of the V5 output), the resulting model solution
distributions were very narrow. After changing the
priors to be log-normally distributed, the M CSim pro-
gram was run again. A single long run was assumed to
be sufficient as suggested in Geyer,®® although Bois
and Maszle believe that integrating several pooled
runs is a better approach.(!!)

The output from M CSim appeared to sample ad-
equately from the posterior distributions, and the pos-
terior distributions for the six investigated model pa-
rameters are shown in Table III as well as compared
graphically to their priors in Fig. 1. The individual dis-
tributions for the three subjects from Pekari et al.1?)
are contained in Table IV. As shown in Fig. 1, the pos-
terior population distribution for &3 shifted slightly to
the left of its prior. The posterior distributions for
k4 and V py, moved left as well but more significantly
than k3 and also narrowed relative to their priors. The
posterior distributions for the metabolic rates Vppq
and Vo broaden somewhat but otherwise do not
greatly differ from values from in vitro data.!®) The
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posterior distribution for V; g1 narrowed considerably
around the left-most portion of the prior.

A set of 100 samples was selected randomly from
the posterior distribution of the set of six investigated
parameters for each of the three individuals in Pekari
et al.'? (Matlab’s uniform random number function
was used to make the selection from the posterior dis-
tributions independently. Since the covariance analy-
sis discussed later indicates little correlation between
variables, this independent sampling seems reason-
able. The array of six parameter values randomly se-
lected was then taken as the sample.) An implemen-
tation of the model code in Matlab was then used to
simulate the time course for exhaled air and blood
benzene (at high and low exposure levels) for each of
these 100 samples for each individual, and the results
plotted against the original data in Figs. 2-5 (cloud of
black points). Here, the solution curves are plotted for
each individual in the study to determine whether the
data points (symbols) fall in the area created by the
range of the solutions. The solutions for the three indi-
viduals are plotted separately because their model so-
lutions depended on different body weights (90 kg for
Subject 1, 55 kg for Subject 2, and 73 kg for Subject 3).
A final set of 100 random parameter-vector samples
was likewise chosen from the posterior distribution
for the population mean parameters (other than body
weights, for which individual values were still used),
and simulation results with those parameters are also
included in Figs. 2-5 (cloud of gray points). As one
might expect, the range of solutions obtained using

0.25

4 80
0.2 . Kk, (1/h) V, g4 (umole/mg/hr)
3 60
0.15
2 40
0.1
1 0.05 2001\
0 - ... 0 - ... ot e
03 05 07 09 11 7 11 15 19 23 0 005 01 015 02
4] A 2
{4 Vo, (umole/mg/hr) Voo (Lmole/mg/hr)
30 1.5
sof iy |7 pinf_ 1
posterior
10 05
0L : 0
0 0.05 0.1 015 0 05 1 15 2 4

Fig. 1. Prior and posterior distributions for the six investigated parameters.
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Log-Normal Distribution Log-Normal Distribution Log-Normal Distribution

Parameter (Subject 1) (Subject 2) (Subject 3)
k3 w = 0.605, 0 = 0.150 w=0597,0 = 0.148 w=0613,0 =0.153
Table IV. Posterior Individual Parameter g, w=1220=282 u=1220=287 w=124,0 =313
Distributions for the Th(rlf;f Subjects of ., w=00503,6 =00125 1 =0.239, 0 =0.0926 w=0.166, 0 = 0.0681
Pekari et al. Voui = 0.0460,0 =0.0562  u=0.0453,0 = 0.0465 u=0.0409, 0 = 0.0375
V2 w=0508,0 = 0479 w=0552,0=0.638 w=0.535,0 = 0505
Vo w=119,0 =141 w=113,06 =107 w=1280=135

the sample from the individual posterior distributions
was much narrower than that obtained with the over-
all population distribution.

As with the analysis of the model with the data
from Pekari et al.,'® 100 samples were drawn from the
posterior distribution found through MCSim for the
occupational exposure®*?!) and a corresponding set
of simulations (using the measured exposure concen-
tration for that individual) was obtained using Mat-
lab. The resulting 100 simulated values for each uri-
nary metabolite were then plotted in Fig. 6 against
the corresponding measured values. So each vertical
line of xs in Fig. 6 represents the 100 model-simulated
urinary metabolite concentrations for a given expo-
sure, plotted with the x-value set to the measured
concentration. A plot of the line y = x is contained
in all parts of Fig. 6 for comparison, and again the

results are plotted on both linear and log-scale to as-
certain the models performance at both lower and
higher concentrations. All five metabolite solutions
were somewhat centered around the y = x line ex-
cept for the plots of the catechol and trihydroxy ben-
zene concentration and the hydroquinone conjugate
concentration. However, the predictions for both cat-
echol/trihydroxy benzene concentration and hydro-
quinone conjugate concentration do better match the
low concentration, as shown in the log-scale plots.
The results of the sensitivity analysis are listed in
Table V. The values in the table are based on the ratio
of prediction change over parameter change as listed
in Section 2 and are all nonnegative because they are
absolute value of the highest sensitivity in the model
in the interval 0-10 hour. The columns represent the
parameter being changed and rows represent the

Fig. 2. Model posterior distributions
versus data for benzene in exhaled air at
higher exposure levels. Data (symbols)
are from Pekari er al.;1? black dots are
simulations with parameters drawn from
individual distributions; gray dots are
simulations with parameters drawn from
overall population distributions.

Time (h)
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different urinary metabolites and benzene blood and
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Fig. 3. Model posterior distributions
versus data for benzene in blood at higher
exposure levels. (See Fig. 2 legend.)

metric for the respective sensitivity. The covariance
matrix for the population is contained in Table VI.
The covariance matrices for the three individuals from
Pekari et al.("” are contained in Tables VII-IX.
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Fig. 4. Model posterior distributions
versus data for benzene in exhaled air at
lower exposure levels. (See Fig. 2 legend.)
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Fig. 5. Model posterior distributions
versus data for benzene in blood at lower
exposure levels. (See Fig. 2 legend.)

4. DISCUSSION
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for the workplace data.?*2)) Since Bayesian methods
depend greatly on the accuracy of prior information,

The model predicted human metabolite data small errors in the data used to estimate the priors
well for MA, PMA, and phenol and hydroquinone could account for the need to alter the MCSim
conjugates; but the model greatly underpredicted the output for a better fit graphically. The model seems

concentrations of catechol and trihydroxy benzene to predict well the exhaled concentration of benzene
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Table V. Sensitivity Coefficients for Investigated Parameters

State Variable Parameter

or Metric k3 ke  Vopr Vem Vem Vo
MA 041 131 256 030 0025 93x107°
Cat-THB 025 021 188 032 0.027 0.022
PMA 128 024 202 025 0020 74x107°
PH 0.097 056 215 033 0019 1.4x10~*
HQ 0.071 0.5 158 0.17 0.014 0.59
CPH x cHC 0026 027 200 024 0.020 0.40
CBZ (high) 012 126 580 032 0026 38x107°
CBZ (low) 0.017 0.4 3.17 0.017 0.0014 1.3 x 10~*
CABZ L CVBZ 012 126 580 032 002 38x107°

(high)
CABZ 4 cvBZ 0017 014 317 0.017 0.0014 1.3 x10~*
(low)

Note: Values are normalized sensitivity coefficients showing the
change in the state variables or metrics indicated in the first
column when varying the parameter indicated at the top of each
value column.

and the concentration of benzene in blood from
Pekari et al,('? with greater variation in the predic-
tions based on the posterior population distributions
as compared to the model solutions using the indi-
vidual parameter distributions. Since the two studies
probably varied in participant physical activity, fur-
ther experiments focusing on activity levels might fur-
ther improve the accuracy of the model.

The sensitivity analysis results in Table V indi-
cate that small changes in k3 only significantly af-
fect the model’s prediction of urinary PMA and to
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a lesser extent MA, while small changes in k4 only
significantly affect the model’s predictions of urinary
MA, concentrations of benzene in blood and exhaled
air (for higher concentrations), and to a lesser extent
urinary phenol (PH). The sensitivity of urinary MA
and PMA metabolites to changes in k3 and k4 is ex-
pected based on the roles of these two investigated
parameters (the rate constants for conversion of ben-
zene oxide to PMA and MA, respectively). Urinary
PH is sensitive to these parameters because the path-
ways to MA and PMA compete with the pathway to
PH. All investigated states show some sensitivity to
changes in V, g1, which is also expected considering
the frequency of this parameter in the model. The
model shows little change in prediction for all consid-
ered output variables in response to small variation in
the remaining three investigated parameters, Vpy1,
Vpu2, and Vo, although Vpyi has a modest effect
on all downstream metabolites and there is reason-
able sensitivity of urinary hydroquinone to Vpy.
When the model prediction of one output vari-
able is less sensitive to the change in a particular
parameter, the MCSim program is more influenced
by the data of other output variables (that do show
greater sensitivity) when finding the posterior distri-
bution of that particular parameter. Hence k3, Vg,
and to a lesser extent Vpy; and Vpy, are more
strongly influenced by the occupational urinary data
than by the benzene blood and exhaled air data. The
distributions for V,g1 and k4 are sensitive to both
the urinary metabolite and benzene blood/air data,
though the blood/air data have greater influence over

k3 ky VaEr Vet Veua Vo
k3 0.0061 —-0.012 —33x107° 1.7 x 1073 —9.6 x 10~ -1.9 x 1073
k4 2.8 2.7 x 1073 0.0016 —42 x 1073 —0.015 Table VI. Covariance Matrix
Vorl 3.9 x 1077 5.6 x 1078 93 x 107° 41 x107° (Log-Space) for Population Posterior
Vit 12x104 12x10*  55x10° Mean Values
Vero 0.015 —4.7 x 1074
Vio 0.010

k3 ka Vari Vewi Vo
k3 0.023 —0.032 1.1 x 1072 8.0 x 1075 —0.0015 0.019
ky 8.0 32x107* —0.0044 —0.080 —0.012 Table VII. Covariance Matrix
Vo L6 x107* 2.8 x 1073 -39 x 1074 0.0011 (Log-Space) for Posterior Values for the
Vo 0.0032 _44x10~%  51x10~* First Individual from Pekari et al.(1?)
Vi 0.0044
Vuo 2.0
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k3 ks Vag Ve Ve VHo
k3 0.022 —0.046 —37 x 107 29 x107* -0.010 —0.0030
Table VIIL. Covariance Matrix ks 8.2 0.020 —0.013 —-0.19 0.20
(Log-Space) for Posterior Values for the Vaei 0.0086 —2.5x 1074 0.0036 —0.0012
Second Individual from Pekari et al.(1? Vpui 0.0022 0.0020  —7.6 x 10~*
Vw2 0.41 0.0098
Vo 1.14
k3 ky Vagr Ve Vw2 Vo
k3 0.024 —0.011 —4.0 x 10~ 2.7 x 10~* —0.0018 —0.0030
Table IX. Covariance Matrix ka 9.8 —0.0038 0.0054 —0.014 0.27
(Log-Space) for Posterior Values for the Vaer 0.0046 —1.1 x 1073 0.0050 —0.0057
Third Individual from Pekari er al.(12) Ve 0.0014 25x107°  —0.0057
Vpu2 0.26 —0.031
Vo 1.81

V,r1 than the metabolite data. Although the data
used in the MCMC analysis likely inform the distri-
butions for Vpy1 and Vo and none of the data has
significant influence over Vppp, the distributions for
ks, k4, and V, g1 can be considered much more accu-
rately determined. The sensitivity of the model out-
put of the product of hydroquinone and phenol blood
concentrations was included in the analysis since that
particular variable is a potential measure of toxicity.
The product of these blood concentrations is clearly
most sensitive to Vg1, though it is also influenced by
VHo,ks,and V py1. Hence, the accuracy of Vg1 is crit-
ical to risk assessment, and the posterior distribution
for V;, g1 in Table III seems well determined consid-
ering the amount of data used in determining Vg1,
including the data used in the simulations(!>2%-21) as
well as the data used in determining its prior.(!®) Us-
ing a variety of types of data should aid in better esti-
mates of parameter distributions, but understanding
that certain data sets are more critical than others in
the determination of each model parameter is also
critical in developing the most accurate model.

The off-diagonal covariance matrix values all
seem reasonably small for the population and for the
three individuals. The variances (on the diagonal) are
small except for k4, but small variances seem logi-
cal for the population matrix because that matrix was
computed based on iteration outputs for the mean.
Since the covariance values are all small, all the in-
vestigated parameters appear to be uncorrelated.

From a statistical viewpoint, when both the math-
ematical model and the statistical model are fully

specified at all levels, the approach is referred to as
parametric. In the PBPK model, the approach is con-
sidered parametric when assuming a distribution form
(e.g., log-normal) for how well we know each individ-
ual’s parameters and a distribution form for the set
of parameters from all individuals. A parametric ap-
proach is often used when the general form of the
distribution in the problem is known. Second, a sta-
tistical model is considered to be structured when the
variables (distributions) are associated with specific
underlying quantities, which occurs naturally with
PBPK model. A parametric approach provides an ef-
ficient way for estimating the parameters of a PBPK
model since it takes full advantage of the distribution
structure.

A variety of statistical tools are available for fit-
ting the mathematical models to data with structured
variability. Model-fitting tools that do not incorpo-
rate prior information on parameter distributions, re-
ferred to as “frequentist,” include maximum likeli-
hood methods such as nonlinear least squares.® The
error structure in the data (how sources of error or
variability are assigned) can be accommodated by
modifying standard techniques to incorporate ideas
from repeated measures and cross-over experimen-
tal designs. Alternatively, Bayesian statistical models
provide a natural framework for analyzing models
with hierarchical error structures.®> One Bayesian
technique that has been embraced by a great many ap-
plied statisticians in all fields of research is the MCMC
method.?® MCMC methods explore the joint poste-
rior distribution of interest (i.e., the distribution of
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all parameters, given that the distributions may not
be independent) by providing a mechanism whereby
a set of realizations or samples from that distribu-
tion can be generated. This set is obtained by car-
rying out Monte Carlo simulations from a Markov
chain constructed so that its stationary distribution
is the relevant posterior. Various methodologies ex-
ist to carry out the required simulations, including
the Gibbs sampling algorithm and the Metropolis-
Hastings algorithm. Because of the increasing com-
plexities of statistical models encountered in practice,
MCMC provides a much-needed unifying frame-
work within which many complex problems can be
analyzed.

Both Bayesians and frequentists need to integrate
over possibly high-dimensional probability distribu-
tions, such as unknown parameters, to make infer-
ences for the parameter of interest or to make predic-
tions. This basic need motivates the use of MCMC
methodology in statistical modeling and inference,
since the integration is achieved much more simply
and directly via MCMC (albeit, with significant com-
putational time). The past several years have wit-
nessed an explosive growth of interest in MCMC
methodology from researchers in almost all areas of
statistics and biology. In particular, Bayesian popu-
lation methods have made some significant contribu-
tions in the field of PBPK modeling. In Bois et al.,*”)
Bayesian statistical inference and physiological mod-
eling were brought together to model the distribution
and metabolism of benzene in humans. This approach
of combining PBPK models and MCMC methodol-
ogy for Bayesian inference has been extended to other
chemicals such as toluene and styrene.(1>?®) The inclu-
sion of the variability predicted by these approaches
into risk assessments is expected to be an improve-
ment over previous use of empirical uncertainty fac-
tors (e.g., Lipscomb et al.*)).

Bois et al.?) also applied Bayesian analysis to a
PBPK model of benzene in humans, using the data of
Pekari et al.,('?) which are also included in our analysis.
The article of Bois and co-workers was one of the first
to demonstrate the application of Bayesian analysis to
PBPK modeling and its use in predicting population
variability, a significant advancement in the potential
for mechanistic dosimetry modeling in risk analysis.
However, the model used by Bois et al. included only a
very simple description of benzene metabolites, with
the assumption that phenolic metabolites are a fixed
fraction of those metabolites. That model does not
allow for prediction of target tissue concentrations
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of phenol itself (as opposed to phenol conjugates),
nor of hydroquinone or benzene oxide, both of which
are included in our model. Hydroquinone and phe-
nol have been shown to strongly synergize in the in-
duction of genotoxicity in vivo,*” and hydroquinone
was shown to strongly enhance colony formation of
murine bone marrow cells in vitro.®) Benzene ox-
ide has been shown to be tumorigenic in mice®*» and
benzene exposure-related increases in benzene oxide-
albumin adducts demonstrated in humans.®3-3% Thus,
we believe the current model builds on and is a consid-
erable advancement of the innovative work by Bois
and colleagues in that it predicts tissue levels of phe-
nol, hydroquinone, and benzene oxide, all of which
are likely contributors to the leukemogenic effects of
benzene. Further, the current results are based on data
from a much larger number of individuals than that
used in the previous analysis, providing for more ro-
bust and representative posterior distributions.

A known source of variability that has been better
accounted for elsewhere is the effect of activity level
on circulation and respiration.(!>3%) Not only were we
faced with a lack of data on activity level among the
subjects in the studies included here, but we were also
working with many more metabolic parameters for
which the priors are not strongly informative. How-
ever, the hypothesis that the effect of known or esti-
mated variability in these metabolic parameters could
more than cover the observed variability in the data
seemed possible. Therefore, we decided to test the
hypothesis that the observed variability in the data
would be accounted for by incorporating distributions
for only the metabolic parameters by fixing the val-
ues of most physiological variables to standard values
used in PBPK modeling (e.g., Brown et al.(!®)) and the
measured partition coefficients to those measured or
estimated elsewhere.

Incorporation of dependence on activity level
and variability and uncertainty in physiological pa-
rameters and partition coefficients would almost cer-
tainly have resulted in much closer correlations be-
tween predictions and the data and should probably
be added before the benzene PBPK model is used in a
human risk assessment, but we believe there is scien-
tific value in first testing this more stringent assump-
tion presented here. While we do not know precise ac-
tivity levels for the individuals whose data are being
simulated here, Jonsson and Johanson®® found the
best description of their data for toluene when “the
increased perfusion of perirenal fat was set to a con-
stant level during all exercise levels,” which indicates
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that categorical assignment of values based on gen-
eral activity patterns (e.g., resting, some movement,
light work) is sufficient.

At the beginning of this study, additional data
were considered from Berlin et al.,3% who measured
benzene concentrations in exhaled breath after in-
halation exposures. Results reported by Berlin et al.
were different enough from those of Pekari et al.(1?)
that including both sets of data in our analysis be-
came problematic. Since the Pekari et al. data seemed
more informative, our attempt to include the Berlin
data was abandoned. In early studies incorporating
the Berlin data, the model fits of benzene concentra-
tion in blood and exhaled air to the data of Pekari
data were fairly good and appeared to be without sig-
nificant bias. At least in those cases, the model pre-
dicted the relationship between blood concentrations
and exhaled air concentrations. Recognizing that the
Berlin et al.?% and Waidyanatha et al. ?!) data sets are
from distinct populations, we note that there is a ten-
dency for the model to overpredict both the amount
in exhaled breath and urinary excretion when the
Berlin data are incorporated into the study. Since any
benzene inhaled must be excreted by one of these
routes or bind to tissue macromolecules (first-order
rates from phenol and hydroquinone), the only way
to decrease both exhaled breath predictions and uri-
nary excretion predictions would be to increase the
amount predicted as binding to macromolecules or
decrease the predicted inhalation rate. Since we be-
lieve the rate constants for binding to macromolecules
represent nonenzymatic reactions that should be in-
dependent of species, their values were not updated
from those estimated by Cole et al.>'9) using mouse
in vivo data.

Thus, we could potentially correct the over-
prediction of the Berlin et al.®® and Waidyanatha
etal.*") data by updating ko and k1. If we had allowed
those parameters to be updated, better fits probably
could have been obtained without further insight. In-
stead, the failure of the model to fit the data given the
constraints of holding those parameters constants led
us to the possibility that we had overpredicted the rate
of uptake by inhalation. Benzene has a blood:air par-
tition coefficient of 7.8.37) While this is relatively low
and benzene has low aqueous solubility, one might
expect a limited wash-in/wash-out effect that would
lower absorption from the amount predicted by the
classic venous ventilation model used here (see Gerde
& Dahl®®). After this analysis, we decided not to use
the data from Berlin et al. in our study rather than
alter kg or kyo or the blood:air partition coefficient.
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After the decision to exclude the data of Berlin et al.
from our analysis, k9 and k1o were investigated briefly
through the MCMC method using priors based on val-
ues from Cole et al.*'% The intention was to improve
the results with catechol and trihydroxy benzene, but
no significant improvement resulted in the fit to data
from either Pekari et al.1?) or the occupational data
from Rothman et al.?” and Waidyanatha et al.?".

The difference between a model adjustment by
increasing the macromolecule binding constants and
decreasing predicted inhalation rates is potentially
significant because the latter would result in a re-
duction in the prediction of total phenol and hydro-
quinone production and hence in potential target tis-
sue dosimetry of active metabolites. Future work on
benzene PBPK modeling for humans should proba-
bly first seek to implement a more anatomically ac-
curate inhalation model, such as those described by
Sarangapani et al.®”) or Csanddy et al.*?) before up-
dating the macromolecule binding constants. If the
predicted pharmacokinetic distributions still do not
cover the data after making such structural changes
to eliminate model bias, we would then have greater
support for including other sources of variability and
possibly updating their distributions as well.

Given the constraints of fixing many model pa-
rameters to standard or previously reported values,
the fact that the model does a fairly good job of
describing the data from two different studies sug-
gests that the model structure is essentially sound and
affirms the use of key parameters from in vitro or
laboratory animal studies. The significant difference
between the prior and posterior distributions for Vg1
and Vpg, shows that uncertainty may remain in the
extrapolation of a PBPK model to humans even with
prior data such as we had for benzene. The model
predicts variability well after allowing for variation
in only a few metabolic parameters, affirming our
hypothesis that only a few distributional parameters
are necessary. Fewer than six distributional param-
eters may be sufficient as well, but we have shown
how variation in many parameters may be unneces-
sary. The covariance analysis suggests that no pair
of investigated parameters is correlated, but whether
the variation produced by different parameters over-
laps is uncertain. Fortunately, we have a number of
human data for benzene to use in parameter es-
timation and demonstrate model quality. However,
these results may guide similar in vitro to in vivo and
animal-to-human extrapolations through PBPK mod-
eling for other compounds with fewer or no human
data available.
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APPENDIX 1: MODEL SYMBOLS

The following symbols and abbreviations are used
in the PBPK model given in Appendix 2. Units of the
symbols are given in parentheses.

Chemical Abbreviations

BZ Benzene

BO Benzene oxide

PH Phenol

HQ Hydroquinone

MA Muconic acid

PMA Phenylmercapturic acid

PH-Conj Phenol conjugates
HQ-Conj Hydroquinone conjugates

Cat Catechol

THB Trihydroxy benzene
Compartment Abbreviations

F Fat

S Slowly or poorly perfused tissue

R Rapidly or richly perfused tissue

K Kidney

L1 Zone 1 of the liver

12 Zone 2 of the liver

L3 Zone 3 of the liver

Bl Blood

Stom Stomach

1 Inhaled air

E Exhaled air

Yokley et al.

Primary Symbols

C! Concentration of chemical i in tissue j
(umol/L)

CABZ Concentration of BZ in the arterial

blood (umol/L)

CV5Z Concentration of BZ in the venous

blood (p«mol/L)
C V; Concentration of chemical i in venous
blood from tissue j (umol/L)
C%% Concentration of BZ in inhaled air
(umol/L)
CBZ Concentration of BZ in exhaled air
(umol/L)
AM! Amount of chemical i in urine (xmol)
AMS™ Amount of BZ in the stomach (umol)
RM} Rate of metabolism of chemical i to
chemical j (umol/hour)
Q, Flow in tissue j (L/hour)
Qavy Alveolar ventilation (L/hour)
Q.ara Cardiac blood output (L/hour)
Pj Tissue j/blood partition coefficient for
chemical i
PBZ,. Blood/air partition coefficient for BZ
BW Body weight (kg)
V; Volume of tissue j (L)
T, Total mass of the liver (g)
CMP Concentration of microsomal protein
per gram of tissue in the liver (mg/g)
C¢? Concentration of cytosolic protein per
gram of tissue in the liver (mg/g)

Vae1 CYP2E1L specific activity as deter-

mined by the oxidation of p-nitro-

phenol to p-nitrocatechol (umol/mg/
hour)

Affinity parameter for CYP2E1 for

substrate i (L/pumol)

k1, ks—k7 Efficiencies of CYP2E1 for specific
oxidation relative to V, g (L/umol)
ko—k4 First-order rates of metabolism
(1/hour)
ks Rate of uptake from the stomach to
the liver (1/hour)
ko, k1p Binding coefficients (1/hour)

Veut, Vpyr Maximum rates of metabolism of PH
by two sulfate transferases (pmol/
mg/hour)

KPH KPH Concentrations at half-saturation of
PH by two sulfate transferases
(umol/L)
Vo Maximum rate of metabolism for HQ
(nmol/mg/hour)

A



PBPK Modeling of Benzene in Humans

KﬁQ Concentration at half-saturation for
HQ (umol/L)

kcara Proportionality constant between BW
and Qcgrq (L/(hour x kg))

koavy Proportionality constant between
Ocara and Q 4,y (unit-less)

fan Fraction of each inhaled breath that

perfuses the alveolar space (unit-less)

APPENDIX 2: MATHEMATICAL MODEL

The following system of ordinary differential
equations that was derived in Cole et al.*'9) was based
on a perfusion-limited model, or equivalently, a flow-
limited model of disposition. More specifically, the
rate of uptake of benzene into a tissue compartment
was assumed to be limited by the blood flow rate to the
tissue rather than the rate of diffusion across the cell
membrane. For the sake of completeness, the model
equations and the differential equations (grouped by
chemical) are given below.

Explicit Equations

Concentration of chemical iin venous blood leav-
ing compartment j: C V‘ P‘

Cardiac flow: Qcard = QF +0s+0r+ 01+ 0k
Concentration of BZ in venous blood:

CVBZ

CVEZQr + CVBZ Q5+ CVBZ Or+ CVEZ Q4+ CVEZ Ok
QCard
Concentration of BZ in arterial blood:

QAVV C;;Z + QCard CVBZ

o
AV + QCard
Py iy

CYP2ET1 activity in the liver:

CABZ —

Vae ijz chp E

RMBZ . —k
BO,L3 1= D,
Vag CPH 17,
RMEPH . — j 2ELZ13 omp L
HQ.L3 = ™ h- 3
Vo CPH T,
RM{Y) Car,13 = ke——F— 2 CMP_3L
L

Vaer CL3 CMPE
Dy, 3

D=1+ ABZCBZ 4 APHCPH 4 A0 ClC

HQ
RMTHB,L3 =k
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CYP2E1 activity in the kidney:
RMZ6 x = ki ‘/1251 %; CMP Ty
RMZZ x = ks ‘/1251 %{K CMP Ty
RMq x = ks Vlzgl %‘K M Ty
RMip x = k7% %(K CMP Ty
k =1+ ABZCBZ 4 APHCRI 4 Ao CllC

Total mass of j = liver or kidney: 7; = V; - 10°g/L

Metabolism of BO to PH in compartment j:
RMgg_j =k C]BOV]-

Metabolism of BO to PMA in compartment j:
RMp§ 4 = ks CPOV

Metabolism of BO to MA in compartment j:
RMiys 15 = kaC9 %

Conjugation of PH:

RMP 1_( Ve 11 Ve Cry' )Ccpﬁ
onj, L1 — PH PH
/ K"+ Ch

bt KP4+ crtf 3
Conjugation of HQ:
RrRM1C VipCly cmr I
Conj, 3= KrI’;[Q + CZ;Q 3

Concentration of exhaled benzene:
CBZ (1 - falv) CBZ + falv[QCard (CVBZ ABZ)

+ Qaw - CF#]/ Qavv

Benzene

Fat:

Vi di?z = Qr(CAP% — CVE?)
Slowly:

Vs dffz = Qs(CAPZ — cVE?)
Rapidly

deif;Z = Or(CA%” — CVg?)
Kidney:
VKdCfg _ QK(CABZ _ CV[I{?Z) _ RM%,K

dt
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Liver (Zone 1):

%di?lz = QL(CABZ — CBZ) 1 kg AMSo™
Liver (Zone 2):
YeACE _ o, (ct - i)
Liver (Zone 3):
Vi dCngZ BZ BZ BZ
34 OL(Cl5 = CViY') = RM356 15

Stomach: dAMS"/dt = — kg-AMS™
Amount Exhaled:

dAMB?
dt

= QCurd(CVBZ - CABZ) + QAVV . C?Z

Benzene Oxide

Blood:
dcy’ BO BO BO
VB] dt = QFCVF + QSCVS + QRCVR
+ Ok CVEC + Q1.CVEL — OcaraCEY
- RMgAO/[A,Bl - RMgg, Bl
Fat:
» L = Or(ChP - CVEO)
- RMIQIOVIA,F - RMgg,F
Slowly:
JdCBO
W% = og(ch - V)
— RMj4 s — RME
Rapidly:
VTS = oulcsy - cvio)
— RMEfjs r — RME] &
Kidney:
Ve = ou(cl - cvp?)

+RMG%  — RMpf  — RMp, ¢
Liver(Zone 1):
Vv, dCB9
3 ar

= QL(CgIO - Cnglo) - RMgI?I,Ll

Yokley et al.

Liver (Zone 2):

V. dC%Y
<~ = 0u(CIY - CI7) = RMjj 1
3 dt
Liver (Zone 3):
V. dCh)

3 dt = QL(CEZO - CVI%O) + RM?)’ZO,LS

BO BO BO
—RMpy; 13— RMys 13— RMpy4 15
Muconic Acid

dAMMA
dt = RM[?LOLLL:%

Phenylmercapturic Acid

dAMPMA
—a RM?]OVIA,BI + RMJB;AO/IA,F + RM?}\%A,S
+ RM}E[@A,R + RM3f,4  + RMBG 4 1
Phenol
Blood:
JcPH
Vi—g— = QrCVi' + OsCVs™ + QrCVE"
+ Ok CVEA + 01.CVE — QcaraCHY
+ RM?I?I,BI — ko Cl' Vi
Fat:
dCPH
Ve = on(chl — cvpn)
+RME  — kCF Vi
Slowly:
dCPH
Vs df = Qs(Ch' — cv{r)
+RMp) s — ko CE" Vs
Rapidly:
dcPH
VeI = Ou(CH - CVET)

+RMpj g — ko CR Vi
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Kidney:
JdCcPH
Vi df = QK(ngH VPH) + RMPH K
RMHQ K RMCat K @CQHVK
Liver (Zone 1):
Vi acttt
3 dtLl = QL(C Cf] )+RMPH L1
Vi
RMCon] L1 kgCPH
Liver (Zone 2):
V. dChY
WAL oyt - et
Vi
+RMEQ |, — keCPL! 3L
Liver (Zone 3):
Vi dcry
3 dl QL(C{? - CVZ}; ) + RMPH 13
Vi
- RMHQ 3 RMCat 3~ CZH7
Phenol Conjugates
dAMPH*COn]
—a RM(, Conj, L1
Hydroquinone
Blood:
dchp
Ve dfl = QFCV;{Q + QsCV;{Q
+ QRCV£]Q + QKCVI?Q + QLCVLI;Q
- QCarng[Q - klnglQ Vi
Fat:
dcy? HO O 110
F df = QF(CBI - CVg ) — kioCp~ Vr
Slowly:
dcy® HQ HO
Vs dt Qs( CVS ) — klOCS Vs
Rapidly:
dcy? HO HO
Vr = Or(Cy CV ) kioCr~ Vg
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Kidney:

dcii@
dt

Vi = Ox(ChP — CVC) + RMYTL
- RMTHB « — kioCiP Vi

Liver (Zone 1):

Vv, dCte 1%
?Ld—? =0 ( CLl ) klOCHQ 3L
Liver (Zone 2):
v, dCt? H H o VL
?d—? = QL(CLIQ - CL2Q) - klOCLzQ?
Liver (Zone 3):
Vv, dcte " "
?d—[tﬁ = QL(CLzQ - CVBQ) + RMHQ 13
H HO o Vi
- RMTF?B,B - RMCon] L3 klOC e_- 3

Hydroquinone Conjugates

dAMHQ—COnj

— HQ
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